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a b s t r a c t
This research explored the integrated use of Landsat Thematic Mapper (TM) and radar (i.e., ALOS PALSAR
L-band and RADARSAT-2 C-band) data for mapping impervious surface distribution to examine the roles
of radar data with different spatial resolutions and wavelengths. The wavelet-merging technique was
used to merge TM and radar data to generate a new dataset. A constrained least-squares solution was
used to unmix TMmultispectral data and multisensor fusion images to four fraction images (high-albedo,
low-albedo, vegetation, and soil). The impervious surface image was then extracted from the high-albedo
and low-albedo fraction images. QuickBird imagery was used to develop an impervious surface image for
use as reference data to evaluate the results from TM and fusion images. This research indicated that
increasing spatial resolution by multisensor fusion improved spatial patterns of impervious surface dis-
tribution, but cannot signiﬁcantly improve the statistical area accuracy. This research also indicated that
the fusion image with 10-m spatial resolution was suitable for mapping impervious surface spatial dis-
tribution, but TM multispectral image with 30 m was too coarse in a complex urban–rural landscape. On
the other hand, this research showed that no signiﬁcant difference in improving impervious surface map-
ping performance by using either PALSAR L-band or RADARSAT C-band data with the same spatial reso-
lution when they were used for multi-sensor fusion with the wavelet-based method.
 2011 International Society for Photogrammetry and Remote Sensing, Inc. (ISPRS). Published by Elsevier
B.V. All rights reserved.
1. Introduction
The colonization projects initiated in the 1970s have resulted in
a large area conversion from primary forest and cerrado/savanna to
agriculture, pasture, agroforestry, and secondary succession in the
Brazilian Amazon (Lucas et al., 2000; Roberts et al., 2002; Ferreira
et al., 2004; Sano et al., 2010). As people have migrated from differ-
ent parts of Brazil to the Amazon over the last several decades,
road construction and urban expansion rates have rapidly in-
creased, thus mapping urban land cover in the Amazon has re-
ceived growing attention (Powell et al., 2007; Powell and
Roberts, 2008, 2010). Because of the complex urban landscape, di-
rectly mapping urban distribution with remotely sensed data is of-
ten difﬁcult (Lu and Weng, 2004). Impervious surface area has
been regarded as a critical variable for examining urban expansion.
Therefore, mapping impervious surfaces with satellite images has
received considerable attention in the past decade (Wu and Mur-
ray, 2003; Yang et al., 2003, 2010; Lu and Weng, 2006; Xian
et al., 2008; Weng et al., 2009; Lu et al., 2011b). Slonecker et al.
(2001) reviewed three basic approaches for impervious surface
extraction from remotely sensed data based on the achievements
in the 1970s and 1980s. Brabec et al. (2002) summarized four cat-
egories of methods for impervious surface mapping. Many ad-
vanced algorithms have been developed for quantitative
extraction of impervious surfaces from satellite imagery in the past
decade and they are summarized in Lu et al. (in press).
In urban environments, land covers can be regarded as a linear
combination of three components: vegetation, impervious surface,
and soil (V–I–S) (Ridd, 1995). The V–I–S model provides a guideline
for decomposing urban landscapes and a linkage for these compo-
nents to remote-sensing spectral characteristics. In reality, imper-
vious surfaces are very complex land covers that consist of
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different structures, colors, and materials, thus manifest high spec-
tral variation in remotely sensed data. For example, some building
roofs have very high spectral values that are confused with bare
soils, and some dark roads/streets have very low spectral values
that are often confused with water/wetland/shadow (Lu et al.,
2011b). Because of this special characteristic of impervious sur-
faces, direct extraction of impervious surfaces from remotely
sensed data based on spectral signatures is very difﬁcult (Lu and
Weng, 2004). We can assume that an urban landscape is composed
of four fraction components—high-albedo object (fhigh-albedo), low-
albedo object (flow-albedo), green vegetation (fGV), and soil (fSoil)—be-
cause land covers consist of these four components, with either a
linear or nonlinear relationship. High-albedo object represents
the land covers with high spectral reﬂectance, such as bright
impervious surfaces and dry bare soils; low-albedo object repre-
sents the land covers with low spectral reﬂectance, such as dark
impervious surfaces, forested shade, water and wetland (Lu and
Weng, 2006). Previous research has indicated that these four frac-
tions can be developed with spectral mixture analysis (Wu and
Murray, 2003; Lu and Weng, 2006). Since impervious surfaces
are mainly concentrated on the high- and low-albedo fraction
images, they can be extracted from the addition of high- and
low-albedo fraction images after removal of the non-impervious
surface pixels through established rules (Lu and Weng, 2006; Lu
et al., 2011b).
Most previous research on impervious surface mapping was
based on Landsat images, but the spatial resolution of 30 m was
often regarded as too coarse for mapping urban biophysical
descriptors (Jensen and Cowen, 1999), especially in the complex
urban–rural landscape in the Brazilian Amazon (Lu et al., 2011b).
In recent decades, high spatial resolution satellite images such as
QuickBird, IKONOS, and WorldView have been available and used
in many applications, such as mapping urban impervious surfaces
and vegetation in relatively small areas (Goetz et al., 2003; Wang
et al., 2004; Mallinis et al., 2008; Lu et al., 2011a), but they are
not extensively applied to a large area due to lack of data availabil-
ity and cost, as well as time and labor required to process the large
volume of data. Other disadvantages of using high spatial resolu-
tion images are their high spectral variation within the same land
cover, their spectral confusion between impervious surfaces and
other land covers, and the shadow problems caused by tall objects,
all of which present a challenge for automatically mapping imper-
vious surface distribution (Dare, 2005; Zhou et al., 2009; Lu et al.,
2011a). Therefore, a medium spatial resolution image like Landsat
is still the most common data source for mapping urban impervi-
ous surfaces in a large area (Wu and Murray, 2003; Lu and Weng,
2006; Lu et al., 2011b).
In order to reduce the mixed-pixel problem, an alternative is to
conduct data fusion through the incorporation of higher spatial res-
olution information into the multispectral image. In particular, the
integration of multisensor data (e.g., TM and radar) has attracted
growing attention due to their distinct information features (Lu
et al., 2007; McNairn et al., 2009; Amarsaikhan et al., 2010). How-
ever, rare research has examined the combination of radar and opti-
cal sensor data in improving impervious surface mapping (Gamba
and Dell’Acqua, 2008; Yang et al., 2009), especially through data fu-
sion methods. It is poorly understood how different spatial resolu-
tions and wavelengths of radar data affect impervious surface
mapping performance. Therefore, the objective of this research is
to explore the role of data fusion of Landsat and radar data in and
the effect of different data spatial resolutions on improving imper-
vious surface mapping. A Landsat TM image, ALOS PALSAR L-band
and RADARSAT-2 C-band data, and a QuickBird imagewere selected
for a complex urban–rural landscape in a moist tropical region of
Fig. 1. Study area – Altamira, Pará State, Brazil.
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the Brazilian Amazon. Spectral mixture analysis was used to map
impervious surface distribution, and the results were evaluated
with the QuickBird-derived impervious surface data.
2. Study area
Altamira, Brazil, has had a longhistory as a riverine settlement on
the ﬁrst big bend of the Xingú River (Fig. 1) (Moran, 1981). For most
of its history it was a small trading settlement in the rubber export
network during good times, and a typical, small Amazon townbased
on subsistence and extraction of forest products the rest of the time.
That changed in 1970 when construction of the Transamazon High-
way (BR-230) and its associated settlement scheme began (Moran,
1975; Smith, 1982). From the early 1970s, the region grew in popu-
lation from 1000 to 50,145 in 1991, 62,285 in 2000, and 90,068 in
2010 (http://www.citypopulation.de/Brazil-Para.html). Agropas-
toral production has served as its mainstay. The study area covers
approximately 143 km2. Annual rainfall in Altamira is approxi-
mately 2000 mm and is concentrated from late October through
early June; thedryperiodoccursbetween JuneandSeptember. Aver-
age annual temperature is about 26 C.
3. Methods
The linear spectral mixture analysis (LSMA)-based method was
used to map impervious surface distribution based on different
datasets—Landsat TM multispectral image and fusion images with
TM and different radar data (ALOS PALSAR L-band, RADARSAT-2 C-
band). A QuickBird-derived impervious surface image was used as
reference data to evaluate the impervious surface results from TM
and fusion images. Fig. 2 illustrates the strategy of the integration
of TM and radar data for impervious surface mapping used in this
research.
Landsat TM multispectral image PALSAR L-band HH and RADARSAT C-band HH
QuickBird image
Data fusion between TM and radar data with the wavelet-merging method
Minimum noise fraction transform 
and selection of endmembers
Development of high-albedo, low-albedo, 
vegetation and soil fractions
Development of impervious surfaces from 
high-albedo and low-albedo fractions
Mapping impervious surfaces 
with the hybrid method 
Selection of sample plots
Evaluation and comparison of impervious 
surface results
Image preprocessing: radiometric and atmospheric calibration for TM image, speckle 
reduction for radar data, and image-to-image registration
Calibrated TM multispectral image Radar L-band and C-band  HH images
Fig. 2. Strategy of impervious surface mapping with the integration of Landsat TM and radar data.
Table 1
Satellite images used in this research.
Satellite sensors Image acquisition date and major characteristics of datasets Spatial resolution after image registration
Landsat 5 TM Path/Row: 226/62
Acquired on July 2, 2008
Six multispectral bands covering visible,
near-infrared and short-wave infrared
wavelengths with 30-m spatial resolution
Six multispectral bands with
30-m spatial resolution
ALOS PALSAR Acquired on July 2, 2009
L-band HH and HV with 12.5-m pixel
spacing
Use only HH image, resampled
to 10-m cell size
RADARSAT-2 August 16, 2009, C-band HH and HV
with 3.7-m pixel spacing (SGX)
August 30, 2009, C-band HH and HV
with 8-m pixel spacing (SGX)
August 23, 2009, C-band HH and HV
with 30-m pixel spacing (SGF)
Use only HH image, resampled
to 3-m cell size
Use only HH image, resampled
to 10-m cell size
Use only HH image, resampled
to 30-m cell size
QuickBird September 26, 2008, four multispectral
bands with 2.4-m and one panchromatic
band with 0.6-m spatial resolution
Four bands with 1-m spatial
resolution after data fusion
with High Pass Filter
resolution-merging method
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3.1. Image collection and preprocessing
Several sensor data—Landsat TM, ALOS PALSAR L-band, RADAR-
SAT-2 C-band, and QuickBird—were used in this research (Table 1).
The TM image was geometrically registered to a previously cor-
rected Landsat 5 TM image with UTM projection (zone 22 south).
The geometric error was less than 0.5 pixels. During image-to-im-
age registration, the nearest-neighbor resampling algorithm was
used to resample the TM imagery to avoid the change of digital
numbers and keep the same pixel size of 30 m by 30 m as the
original image. An improved image-based dark-object subtraction
model was used to perform radiometric and atmospheric correc-
tion (Chavez, 1996; Chander et al., 2009). The gain and offset for
each band and sun elevation angle were obtained from the image
header ﬁle. The path radiance for each band was identiﬁed from
deep water bodies.
ALOS PALSAR and RADARSAT-2 are active microwave sensors
using L-band and C-band frequencies, respectively, to achieve
cloud-free land observation (Rosenqvist et al., 2007). In this
research, the ALOS PALSAR FBD (Fine Beam Double Polarization)
Fig. 3. A comparison of images among before- and after-data fusion with different radar data (a – color composite of TM bands 4, 5, and 3 as red, green and blue; b –
QuickBird bands 4,3,2 color composite; c and e – RADARSAT-2 C-band HH image with 30 m and 10 m spatial resolutions; d and f – color composites with bands 4, 5, and 3
based on wavelet-merging fusion of TM and C-band HH 30 m and of TM and C-band HH 10 m; g – ALOS PALSAR L-band HH with 10 m spatial resolution; h – color composite
with bands 4, 5, and 3 based on wavelet-merging fusion of TM and L-band HH 10 m; i – RADARSAT-2 C-band HH image with 3 m spatial resolution; and j – color composite
with bands 4, 5, and 3 based on wavelet-merging fusion of TM and C-band HH 3 m).
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Level 1.5 products with HH (the radiation was horizontally polar-
ized and the antenna only received horizontally polarized radia-
tion) and HV (the transmitted radiation was vertically polarized
and the polarization of the received radiation was restricted to just
horizontally polarized waves) polarization options (ground range,
unsigned 16-bit integral number, 12.5-m pixel spacing) (ESA,
2007) and RADARSAT-2 C-band, also with HH and HV polarization
options, as well as different pixel sizes were used (Table 1). Based
on our previous research (Lu et al., 2011c), the Lee-Sigma ﬁltering
method with a 5  5 window was selected for this research to re-
duce the speckle problem. Both radar L-band and C-band images
were registered into UTM projection. The PALSAR L-band images
with original 12.5-m pixel spacing and RADARSAT-2 C-band with
original 8-m pixel spacing were registered to a previously rectiﬁed
ASTER image, and both were resampled to 10-m cell size with the
nearest-neighbor resampling algorithm. The RADARSAT-2 C-band
image with original 3.7-m pixel spacing was registered to a Quick-
Bird image and resampled to 3-m cell size, and the RADARSAT-2 C-
band image with original 30-m pixel spacing was registered to a
previously rectiﬁed ASTER image. The geometric errors, i.e., root-
mean square errors, for all radar data were less than 30 m (less
than one pixel in TM image) for the image-to-image registration.
3.2. Data fusion of Landsat TM and radar data
Data fusion is often used for the integration of multisensor or
multiresolution data to enhance visual interpretation and/or to
improve quantitative analysis performance. Many data fusion
methods, such as principal component analysis (PCA), wavelet-
merging technique, intensity-hue-saturation (IHS), Brovey trans-
form, color normalization spectral sharpening, Gram Schmidt
fusion, and Ehlers fusion have been applied to integrate spectral
and spatial information (Dai and Khorram, 1998; Pohl and van
Genderen, 1998; Chen and Stow, 2003; Ulfarsson et al., 2003;
Zhang, 2004,2010; Dong et al., 2009; Amarsaikhan et al., 2010;
Ehlers et al., 2010). In particular, the wavelet-merging technique
is regarded as a good method for preserving the multispectral fea-
tures while improving the spatial features in the output (Ulfarsson
et al., 2003; Amolins et al., 2007; Hong and Zhang, 2008; Lu et al.,
2011c).
Lu et al. (2011c) have detailed the wavelet-merging techniques
and explored the roles of different polarization options (HH and
HV) from both PALSAR L-band and RADARSAT-2 C-band data for
improving land-cover classiﬁcation in this study area. Since our
previous research indicated that the data fusion results from using
radar HH data perform similarly in land-cover classiﬁcation com-
pared to results from using radar HV data (Lu et al., 2011c), this re-
search used only radar HH imagery for data fusion. Thus, this
research used ALOS PALSAR L-band HH image with 10-m pixel size
and RADARSAT-2 C-band HH images with 30-m, 10-m, and 3-m
pixel sizes, and then generated fusion results from Landsat TM
multispectral bands and radar data with different pixel sizes. Be-
cause of the noise in the fusion images, a median ﬁltering method
based on a window size of 3  3 pixels was used on the fusion
images.
3.3. Impervious surface mapping with spectral mixture analysis
method
Of the many methods for mapping impervious surfaces (Slo-
necker et al., 2001; Brabec et al., 2002; Yang et al., 2010; Lu
et al., in press), the LSMA method has proven valuable for extract-
ing fractional impervious surfaces from Landsat images (Wu and
Murray, 2003; Lu and Weng, 2006; Lu et al., 2011b). Since much
previous literature (e.g., Smith et al., 1990; Adams et al., 1995;
Mustard and Sunshine, 1999) has described the LSMA method, it
is not detailed here.
In this research, minimum noise fraction (MNF) transform was
used to convert TM multispectral bands or fusion images into a
new dataset in which the majority of original information was
concentrated in the ﬁrst three or four components. The ﬁrst three
components were then used to identify four end members (i.e.,
high-albedo objects, low-albedo objects, vegetation, and soil), as
much previous literature described (e.g., Lu and Weng, 2004,
2006). A constrained least-squares solution was then used to un-
mix the Landsat TM image or fusion images into four fractional
images. Because the majority of bright impervious surfaces are
concentrated on the fhigh-albedo image, and dark impervious surfaces
are concentrated on the flow-albedo image, the overall impervious
surface is the sum of fhigh-albedo and flow-albedo images (Lu andWeng,
2006). The complexity of impervious surfaces and their confusion
with other land covers often generate data in which some bare
soils are included in the fhigh-albedo image, and water/wetland are
included in the flow-albedo image. It is important to remove these
non-impervious surface pixels on fhigh-albedo and flow-albedo images.
We can overlay the individual fraction image on the TM color com-
posite, displaying the histogram of the fraction image and interac-
tively testing different threshold values in order to identify an
optimal threshold to separate the class of interest from other land
covers. For example, we found that agricultural lands and some de-
graded pastures have fSoil value of greater than 0.5; thus, we can
use a threshold of 0.5 to remove the pixels with high soil fraction
values in the high-albedo fraction image. Based on the analysis of
major land covers (vegetation, bare soils in agricultural lands,
and water/wetland) on the fraction images, the following condi-
tions were used to remove non-impervious surface pixels: if a pixel
value in a fraction image meets fSoil > 0.5 (remove bare soils) or
fGV > 0.5 (remove vegetation) or flow-albedo > 0.99 (remove water)
or fhigh-albedo < 0.05 (remove other potential non-impervious
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Fig. 4. Comparison of spectral signatures among data fusion results as well as TM
image.
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surface areas), this pixel is assigned as non-impervious surfaces;
otherwise, the pixel is assigned as impervious surfaces.
3.4. Evaluation of impervious surface results
Selection of a sufﬁcient number of sample plots with suitable
resampling technique is critical for evaluation of impervious sur-
face results. Because impervious surfaces from Landsat TM or fu-
sion images are fractional values, traditional accuracy assessment
methods (Congalton and Green, 2008) based on per-pixel level is
obviously not suitable. Therefore, this research used root mean
square error (RMSE), residual analysis, and correlation analysis
(Lu and Weng, 2006) to evaluate the impervious surface results
from TM and fusion images. In order to obtain fractional impervi-
ous surface reference data, a QuickBird image was used to develop
the impervious surface image based on a previously developed
method—a hybrid method consisting of thresholding, unsuper-
vised classiﬁcation and manual editing (Lu et al., 2011a). The major
steps for the hybrid approach include: (1) producing the NDVI
(Normalized Difference Vegetation Index) image from QuickBird
red and near-infrared (NIR) images and then masking vegetation
out with the selected threshold on the NDVI image; and masking
Fig. 5. A comparison of fraction images with different spatial resolutions (a,b,c,d – high-albedo, low-albedo, green vegetation, and soil fractions developed from Landsat TM
multispectral image with 30 m spatial resolution; e,f,g,h – high-albedo, low-albedo, green vegetation, and soil fractions developed from the data fusion image with 3 m spatial
resolution based on TM and RADARSAT-2 C-band HH image with 3 m).
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water out with the threshold on the NIR image; (2) extracting spec-
tral signatures of the non-vegetation pixels, and using an unsuper-
vised classiﬁcation algorithm to classify the extracted spectral
signatures into 50 clusters. The analyst is responsible for merging
the clusters into impervious surface and other classes; (3) manu-
ally editing the extracted impervious surface image to eliminate
the non-impervious surfaces such as bare soils, shadows, and wet-
lands which have been included with the impervious surface class
due to spectral confusion. The hybrid method had been used in
Santarém, Para State and Lucas do Rio Verde, Mato Grosso State,
Brazil, and over 98% of overall accuracy for both study areas were
obtained (Lu et al., 2011a).
A total of 250 points were randomly selected based on the
QuickBird-derived impervious surface image in this study area.
Each point location was used as a center and a square with sizes
of 30  30 m and 90  90 m (i.e., corresponding to one pixel and
a window size of 3  3 pixels on a Landsat TM image) were created
using the GIS technique. The polygons located in clouds, shadows,
and outside the boundary of the QuickBird image were removed.
Thus, a total of 215 polygons were used for the evaluation of
impervious surface results. The mean impervious surface value
for each polygon based on selected window sizes of 30  30 m
and 90  90 m were calculated from the QuickBird-derived imper-
vious surface image, and the selected samples were used as refer-
ence data for evaluating the impervious surface results from
Landsat-derived and multisensory fusion images. RMSE, residual
analysis and regression analysis were then used to evaluate the
results.
4. Resultant analysis
4.1. Analysis of data fusion images
One important objective of data fusion is to improve spatial res-
olution while preserving multispectral features if the fusion result
is used for quantitative analysis. Fig. 3 shows part of the study area
for a comparison of the data fusion results based on TM and radar
data with different cell sizes. It indicates that the wavelet-merging
technique can accurately preserve multispectral features while
improving spatial patterns, no matter which spatial resolutions
Fig. 6. A comparison of impervious surface results with different spatial resolutions (a – from TM imagery with 30 m; b – from data fusion of TM and C-band HH data with
30 m; c – from data fusion of TM and C-band HH data with 10 m; d – from data fusion of TM and L-band HH data with 10 m; e – from data fusion of TM and C-band HH data
with 3 m; and f – from QuickBird image with 1 m).
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(from 3 to 30 m here) and which wavelengths (L-band or C-band
here) of radar data are used. In order to quantitatively compare
the spectral features between before- and after-data fusion images,
some land covers (e.g., forest, urban, and water) were selected on
the TM image and on the fusion images, and their spectral features
are illustrated in Fig. 4. This ﬁgure indicates that the fusion images
preserve almost the same spectral features for vegetation and
water compared to the before- and after-data fusion (the lines
are overlapped), but for urban area, spectral signatures vary among
the different data fusion results. This variation is due to the mixed
pixels in the urban area and different radiometric information from
different cell sizes of the radar images (PALSAR L-band HH image
with 10-m cell size, RADARSAT-2 C-band HH images with cell sizes
of 3, 10, and 30 m) incorporated into the new datasets by data
fusion. This situation implies the incorporation of some radar
information into the fusion image in addition to improving spatial
resolution.
4.2. Comparison of impervious surface images
Previous research has indicated that impervious surfaces are
mainly concentrated on the high-albedo and low-albedo fraction
images (Lu and Weng, 2006; Lu et al., 2011b), as conﬁrmed in
Fig. 5. The majority of impervious surfaces are located in the
high-albedo fraction image, but some dark impervious surfaces
such as streets and dark building roofs are included in the low-al-
bedo fraction image. A comparison of fraction images from Landsat
TM with 30-m spatial resolution and from the fusion image based
on TM and RADARSAT-2 C-band HH image with 3-m pixel spacing
(Fig. 5) indicates the reduction of mixed pixel problem in the
Fig. 7. Comparison of impervious surface spatial patterns (a, b, c are impervious surface images developed from Landsat TM multispectral data with 30 m, from data fusion
images of TM and RADARSAT-2 C-band HH data with 10 m and 3 m respectively; d, e, and f are color images with six categories corresponding to a, b and c).
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fraction images with 3 m pixel spacing, implying the potential to
improve the impervious surface mapping performance in the high-
er spatial resolution image.
A comparison of extracted impervious surface images among
different datasets (Fig. 6) indicates that the data fusion images
based on TM multispectral and either PALSAR L-band data with
10 m spatial resolution or RADARSAT C-band data with 10 m or
3 m spatial resolution produced similar impervious surface spatial
patterns. However, the impervious surface images generated from
either the TM multispectral data image or the fusion image based
on TM and RADARSAT-2 C-band HH data with 30-m spatial resolu-
tion appear fuzzy, implying their mixed pixel problem due to the
coarse spatial resolution in the complex urban–rural landscape.
The results in Fig. 6 imply that different wavelengths (L-band or
C-band) did not have signiﬁcantly different roles in impervious
surface mapping when they were used in data fusion with the
wavelet-based method, but the different spatial resolutions in ra-
dar data played an important role in improving the impervious sur-
face distribution patterns. Fig. 7 further conﬁrms the improved
spatial patterns from the increased spatial resolution (10 m and
3 m here) compared to the result based on the 30-m TM image.
This result implies that impervious surface mapping requires re-
mote-sensing data with better than 10-m spatial resolution. The
Landsat TM image with 30-m spatial resolution may be not suit-
able for impervious surface mapping in a complex urban–rural
landscape at local scale.
4.3. Evaluation of impervious surface mapping
A comparison of the relationship between impervious surface
data from reference samples and from TM multispectral imagery
with 30-m spatial resolution as well as from a fusion image with
3-m spatial resolution shows that higher spatial resolution image
provides slightly better performance than lower spatial resolution
image, as illustrated in the regression lines and the coefﬁcients of
determination (Fig. 8). The residual analysis can more effectively
explain which dataset has better results (Fig. 9). When the accu-
racy assessment was based on single pixels (i.e., 30  30 m), it
was obvious that impervious surfaces were more prone to be over-
estimated (Fig. 9: upper) if the proportion of impervious surfaces in
a pixel (30  30 m) was less than 0.5, but impervious surfaces be-
came underestimated if the proportion was great than 0.5, espe-
cially greater than 0.85. This situation is similar to our previous
research in impervious surface mapping with Landsat images (Lu
and Weng, 2006; Lu et al., 2011b). Meanwhile, as shown in
Fig. 9, the residuals from TM with 30-m spatial resolution were
obviously higher than those from fusion images with 10-m and
3-m spatial resolutions, and the residuals from the fusion images
with 10-m and 3-m spatial resolutions were similar. This result im-
plies the importance of selecting images with suitable spatial res-
olution for impervious surface mapping. The 30-m spatial
resolution Landsat TM image may be too coarse for impervious
surface mapping in urban–rural landscapes, because of the spatial
patterns were poor and residuals were high compared to the fusion
images with 10-m or higher spatial resolution. The multispectral
image with 10-m spatial resolution is suitable for impervious sur-
face mapping; however, higher spatial resolution images may not
be necessary because the accuracy and spatial patterns are not sig-
niﬁcantly improved. When the accuracy assessment was based on
a window size of 3  3 pixels (i.e., 90  90 m), the conclusion about
which resolution image had mapped better was the same as from a
Fig. 8. Comparison of relationship between impervious surface samples from
QuickBird and from Landsat image with 30 m as well as from fusion image with 3 m
spatial resolution.
Fig. 9. Residual analysis of impervious surface results (Upper: based on single
pixels; Lower: based on a window size of 3 by 3 pixels).
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single pixel; however, the residuals were obviously reduced (Fig. 9:
lower) compared to the residuals based on single pixels (Fig. 9:
upper). This situation implies the scale issue in how to conduct
the accuracy assessment, especially for the fractional images, for
which no universal standards are available.
The RMSE and correlation analysis (Table 2) indicates that if
accuracy assessment is based on an individual pixel in TM images
(i.e., 30  30 m), the impervious surface result from data fusion of
TM and PALSAR L-band data with 10-m spatial resolution provides
the best accuracy (lowest RMSE and highest correlation coefﬁ-
cient), followed by data fusion with RADARSAT-2 C-band with 3-
m and 10-m spatial resolution, but the difference in their RMSE
values is very small, only 0.0078. Considering the geometric errors
between reference data and the impervious surface images, a win-
dow size of 3  3 pixels (i.e., 90  90 m based on the TM image) is
often used. The RMSE results indicate that the data fusion images
with 10 m or 3 m are similar, with RMSE values of less than 0.12
and correlation coefﬁcient of greater than 0.91, but the data fusion
with 30 m had the poorest performance. Both residual analysis and
RMSE results imply the important role of radar data with higher
spatial resolution in improving impervious surface estimation,
especially for spatial patterns. Table 2 also shows that using similar
spatial resolution radar data for data fusion with a Landsat TM im-
age cannot improve impervious surface mapping, or the RMSE and
spatial patterns. This research implies that use of higher spatial
resolution radar data mainly improved the spatial patterns by
reducing the mixed pixel problem, but did not signiﬁcantly im-
prove the spectral features between impervious surfaces and other
land covers. In summary, this research indicates that multispectral
images with spatial resolution of better than 10 m are suitable for
impervious surface mapping, even in a relatively complex urban–
rural landscape. High spatial resolution radar data play an
important role in improving spatial patterns while preserving mul-
tispectral features. The correlation analysis has obtained a similar
conclusion as RMSE and residual analysis.
5. Conclusion
Impervious surface mapping with Landsat TM imagery is a chal-
lenge, especially in a complex urban–rural landscape due to the
mixed pixel problem and similar spectral signatures between
impervious surfaces and other land covers such as bare soil and
water. This research shows the importance of improved spatial res-
olution of remotely sensed data by using data fusion of TM multi-
spectral and radar data with higher spatial resolution for
improving the impervious surface mapping performance. If the
concern is in the statistical area, Landsat TM image can provide
accuracy similar to that of higher spatial resolution but with rela-
tively poor spatial patterns. When the concern is in the accurate
spatial patterns of impervious surface distribution, selection of
higher spatial resolution images for impervious surface mapping
is necessary, and the fusion of TM and radar data is an alternative.
This research also implies that multispectral images with 30-m
spatial resolution is too coarse for impervious surface mapping in
the urban–rural landscapes, but the multispectral images with
10-m spatial resolution are suitable, providing similar results as
higher spatial resolution images such as 3 m in this research. This
research indicated that higher spatial resolution radar data played
an important role in improving impervious surface mapping per-
formance, but different wavelengths of radar data (e.g., L-band
and C-band data in this research) did not provide signiﬁcantly dif-
ferent results, implying the role of radar data is in reducing the
mixed pixel problem, thus improving the spatial patterns of the
impervious surface distribution.
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